Abstract: Most studies of regional inequality in China are based on provincial level data with a few papers focusing on intra-provincial regional inequality. The objective of this study is to fill the void in the literature by using county-level data which cover 1485 counties and county-level cities in 22 provinces for the period of 1997-2007. This paper makes several contributions to the literature. First, the disparity between city and county subgroups within each province is examined. Second, the transitional dynamics of regional inequality are investigated for different spatial groups using the Markov transition matrix approach. Third, the stochastic kernel technique is applied to investigate convergence of the county-level units as a whole. The findings in this paper show high persistence in many spatial groups. Thus the poor county-level units may remain relatively poor over time. The model provides very little evidence of convergence to the mean income in various spatial groups.
Introduction
Whether regional income converges or not has implications for regional inequality. Some researchers used county-level data to investigate the convergence in regional income in the US and UK (Bishop and Gripaios, 2006, Higgins et al., 2006) using. However, convergence studies using county-level data in China are rare and most of the studies are based on provincial level data. The studies which are based on county-level data are restricted to the provinces or regions in the eastern zone, or only the cities. Thus the possibilities of convergence of the county-level units, namely counties and county-level cities, in many other parts of China still remain largely unknown. This paper contributes to the literature by exploring future evolution of inequality and the underlying transitional dynamics using county-level data. Convergence analyses are conducted for the provinces and other spatial groupings individually. In addition, the technique of stochastic transition kernel has been adopted in this study to investigate the possibility of convergence for China.
Given the huge irregularity in the economic development among inland and coastal regions, economic zones and provinces the underlying transitional dynamics can be very different. Hence, research on convergence should not be restricted to the national level. It is important to study income distributions within inland and coastal regions, economic zones, as well as the provinces to allow a more in depth and accurate analysis.
Therefore, the studies of convergence in this paper are carried out for various spatial groupings. Moreover, the county-level data is divided into the city-only and county-only datasets and convergence analyses are performed for these two datasets separately so as to reveal the different nature of transitional dynamics. This paper is organized as follows. Section 2 presents the background information about economic convergence and also provides a review of convergence studies in China. Section 3 examines the methods, whereas Section 4 introduces the data used in this paper. Section 5 presents the results of the analyses. Section 5.1 reports the empirical findings for various spatial groupings. Section 5.2 presents the results of convergence analyses based on the city-only and county-only datasets. Section 5.3 reports the results of the analyses of Markov transition matrices conditional on spatial factor and administrative status. This paper concludes with Section 6.
The existing literature
The study of income convergence continues to be a popular topic in development economics and many theories have been proposed. According to Kuznets (1955) , income inequality increases in the initial phase of industrialisation and it then reaches a peak and starts to decline. This pattern of changes is now popularly called the Kuznets curve which defines an inverted-U relationship between inequality and economic development. The work of Kuznets inspired Williamson (1965) who found that there is an inverted-U relationship between regional inequality and economic development. Alonso (1980) also argued that regional inequality increases with economic development initially and the trend reverses after a point of inflection is reached.
Another major contribution to the study of convergence was made by Solow (1956) and Swan (1956) . The neoclassical models of Solow and Swan predict that conditional convergence is possible. Poor economies tend to grow faster than their rich counterparts. The endogenous growth theory proposed by Romer (1986) and Lucas (1988) suggests that convergence is not guaranteed and trends in inequality can persist. The new economic geography theory combines economic geography and traditional location methods (Krugman, 1991a , Krugman, 1991b , Krugman and Venables, 1995 , Fujita et al., 1999 . Using models incorporating labour migration, Krugman (1991b) proposes that a core-periphery pattern can emerge and inequality can persist over time. Using models of vertically-linked industries, Krugman and Venables (1995) suggest that if labour is immobile, then the concentration of industries in some regions can lead to an increase in wages in these regions, which can reduce the effect of agglomeration. A core message from this line of research is that economic convergence can be affected by many factors and therefore is not a certainty.
In the empirical literature, many different approaches are used. Some of the studies are based on time series techniques such as the cointegration and unit root tests (Bernard and Durlauf, 1995 , Oxley and Greasley, 1995 , Bernard and Durlauf, 1996 , Hobijn and Franses, 2000 , Lim and McAleer, 2004 , Pesaran, 2007 . Other studies follow the concepts of σ-convergence and β-convergence Sala-I-Martin, 1991, Barro and Sala-I-Martin, 1992) . A third strand of the literature adopts the distribution dynamics approach (Quah, 1993 , Quah, 1996a , Quah, 1996c .
Several studies of convergence in China used the time series approach. In general it is found that economic reforms have led to divergence of regional income (Zhang et al., 2001 , Pedroni and Yao, 2006 , Lau, 2010 , Westerlund et al., 2010 . The existing literature also presented evidence of club convergence (Zhang et al., 2001 , Liu and Wang, 2010 , Matsuki and Usami, 2011 . There is also a large pool of literature which adopts the concepts of σ-convergence and β-convergence. The findings are very mixed.
1 However these methods have been criticized for ignoring the dynamic changes in income distribution (Quah, 1993) . To overcome this shortcoming, the discrete Markov transition matrix and stochastic kernel technique have been adopted in the study of income distribution dynamics. Several papers were presented by Quah (1993 Quah ( , 1996a Quah ( , 1996c . Since then, many researchers have employed this method (for example, Jones, 1997 , Fingleton, 1999 , Magrini, 1999 , Rey, 2001 , Bickenbach and Bode, 2003 , Epstein et al., 2003 , Li, 2003 , Gallo, 2004 , Le Gallo, 2004 , Sakamoto, 2007 , Bosker and Krugell, 2008 , Geppert and Stephan, 2008 , Sakamoto and Islam, 2008 .
It has also been applied to Chinese data in several papers which are reviewed here. Li (2003) found a small reduction in income disparity across 30 Chinese provinces and strong evidence of convergence within each economic zone. Pu et al. (2005) investigated the spatial-temporal dynamics of regional convergence for the county-level units in Jiangsu province over the period 1978-2000. They concluded that a region has the tendency to move to a higher income group if it is surrounded by rich regions and it has the tendency to move to a lower income group if it is surrounded by poor regions. This view is supported by He and Zhang (2007) . Sakamoto and Islam (2008) argued that China's distributional dynamics in the pre-reform period and post-reform period are very different. Villaverde et al. (2010) also showed that, over the period 1978 to 2007, the persistence in the ranking of income levels was very high. Zhou and Zou (2010) examined convergence using prefecture-and county-level city data, and found that the shape of the distribution of GRP per capita for all the cities changed between 1995 and 2004. In general the findings in the existing literature imply that convergence is not possible for the whole nation, but there is evidence of club convergence in different spatial groupings. It is also worth noting that nearly all of the studies are based on provincial level data. Therefore, the distribution dynamics of the county-level units have not been examined thoroughly.
Analytical Framework
The distribution dynamics approach is adopted in this study because it has several virtues. First, this approach does not merely focus on the study of income growth but also includes an analysis of the underlying income distribution. Second, it can clearly show the mobility of the county-level units. Moreover, it can predict the proportion of the entities in different income groups in a number of years ahead and even in the long run. This approach can be further divided into the discrete Markov transition matrix and the stochastic kernel techniques. The two methods are closely related to each other. The conventional Markov transition matrix approach is discussed first.
Relative income is assumed to follow a finite first-order Markov chain with stationary transition probabilities. and Snell, 1976, Geppert and Stephan, 2008) . Equation (1) implies that the probability for a county-level unit r to move from state i at time t to state j at time t+1 depends only on the county-level unit's state i at time t but not on states at previous points in time. If the transition probability, , is independent of t, then it is called a time stationary Markov chain.
The Markov chain process can be described as (2) where M is a m x m matrix of transition probabilities (that is, ), represents distribution at time t, and represents distribution at time t+1.
M assumes the following form.
M can be constructed by calculating the elements, , in the matrix by (4) where is the number of transitions from state i to state j. is the transition probability that a county-level unit will transit from state i to state j in next period.
By the repeated use of Equation (2), the distribution at any time t + k can be derived.
where is the product of k identical transition matrices M.
If the transition matrix M is irreducible (cannot be divided into closed subsets), while the transition probabilities are constant over time (that means all states are aperiodic) and if there are no absorbing states
, then the ergodic (steady state) distribution can be derived (Geppert and Stephan, 2008) as
Ergodic distribution shows the distribution when k is equal to infinity. Therefore, the ergodic distribution can be used to predict the future income distribution and explore the possibility of convergence in the future.
One major issue in the discrete Markov transition matrix approach is that the number of states of analysis and the grid values which are used to demarcate these states should be selected properly. A large number of states can provide more details in the distribution dynamics analysis. However, if the total number of states is too large, then it may render the Markov transition matrix approach infeasible. The selection of the grid values is also very important in the Markov transition matrix approach. There are two common approaches in the demarcation of the states. One approach is to set the grid values by uniform proportion so that initially the proportion in each state is more or less the same. Another approach is to set the grid values by fixed length so that each state has uniform interval length (except the two tails). The first approach is preferred if the sample size is small as this approach can ensure that adequate transition episodes are available for the analysis. The second approach is preferred for the comparison of results obtained from different subsets of data. For example, our sample of cities and counties can be divided into the city-only and county-only datasets, and the Markov chain analysis can then be implemented for each dataset individually. However, for the purpose of comparison, it is necessary to ensure that the same demarcation scheme is used for both the analysis of the city-only and county-only datasets. In this study, the sample size is large and hence it is not required to use the demarcation scheme that is based on uniform proportion. Besides, demarcation based on fixed intervals can also facilitate the comparison between different spatial groupings. Therefore, all the analyses in this paper are based on fixed interval demarcation. Quah (2001) proposes the use of annual transitions in convergence analysis because in that way, the sample size can be larger and the estimation results more reliable. Thus, the Markov transition matrix analysis is based on the data of annual transition of relative GRP per capita in each county-level unit from 1997 to 2007.
Each county-level unit is categorized into one of the five states according to its relative GRP per capita, which is the ratio of the GRP per capita to the mean GRP per capita of the sample considered ( Table 1 ). The demarcation is selected to be close to the grid values used by Li (2003) in order to facilitate a comparison and small modification is made to ensure that the intervals in states 2, 3 and 4 have the same length. * D The stochastic kernel approach can be viewed as an extension of the discrete Markov transition matrix approach with a continuous infinity of relative income states. It can avoid the problem of demarcation. The kernel estimator is defined as follows:
where K is the Epanechnikov kernel function, h is the bandwidth, n is the number of observations, and X i is an observed value of the variable. The bandwidth is chosen optimally according to Silverman (Silverman, 1986 ).
However, the estimation of the stochastic kernel density can be seriously affected if the income distribution has a long tail because under-smoothing may appear in areas with only a few observations, while over-smoothing may occur in areas with plenty of observations (Silverman, 1986) . In China, income distribution tends to have a long right tail. In order to solve this problem, kernels of variable bandwidth can be employed to take the sparseness of data into consideration; and so the adaptive kernel method with flexible bandwidth is employed in this paper. A pilot estimate is computed first to determine the density and then the bandwidth is rescaled by a factor that reflects the density at that point (for details, see Silverman, 1986) .
Suppose that the evolution of the income distribution is first order, time invariant, and further assume that the income distribution at time t +τ depends on t only and not on any previous distribution, then the relationship between the distributions of relative GRP per capita at time t and time t +τ can be represented as:
where ( ) is the density function of the distribution of relative GRP per capita at time t, and ( | ) is the transition probability kernel which maps the income distribution from time t to t +τ, and + ( ) is the τ-period-ahead density function of z conditional on x. (see Johnson, 2000, Johnson, 2005, and Juessen, 7 2009 for details). The ergodic density, given that it exists, can be found by:
where ∞ ( ) is the ergodic density function.
The estimation outcome of the stochastic kernel approach is usually presented in contour map form, and the probability values of the transitions are not available for further examination. Therefore, the transitional dynamics of the stochastic kernel approach are more difficult to interpret than those from the discrete Markov transition matrix approach. Thus, this study is mainly based on the conventional discrete Markov transition matrix approach. However, the analysis of the stochastic kernel is also performed at the economy-wide level.
Data
The data used in this paper is based on the real GRP per capita of the counties and county-level cities in
China from 1997 to 2007. It is made up of 1485 counties and county-level cities in every year. Only the data of the counties and county-level cities are included as the data of the city district is not available for some of the provinces. Therefore, the four municipalities, namely, Beijing, Tianjin, Shanghai, and Chongqing are not included in this study because the county-level units under these municipalities are mostly city districts.
The county-level units can be categorized into larger spatial groupings of four spatial levels, namely, the national, inland-and-coastal, economic zonal, and the provincial levels. The GRP and population data are compiled from the Provincial Statistical Yearbook -2008a for each province. However, where the data is unavailable, the data from the China Statistical Yearbook for Regional Economy (State Statistical Bureau, 2004 and from the Provincial Yearbook -2008b The aggregation approach is quite common and Sakamoto and Fan (2010) also employ aggregation for the county-level units in their study on convergence so as to tackle the problem of data unavailability.
Results and Discussions

Convergence within the nation
The income distribution of county-level units in 1997, 2002 and 2007 is shown in Figure 1 . It can be observed that income distribution has become increasingly unequal. The proportion in the income state 1 increased gradually in the study period. More and more county-level units experienced a decline in relative income and thus they migrated to the lowest income group. The evolution of income distribution in the future can be observed from the ergodic distribution. Figure 1 shows that state 1 of the ergodic distribution has the highest proportion. The proportion in state 2 is also very high. It means that many of the county-level units will migrate to low income states in the future. As the peak of the ergodic distribution is not in state 3 (the interval which contains the mean), it can therefore be concluded that convergence to the mean income is impossible in the long run.
The finding is consistent with those of Li (2003) and Sakamoto and Islam (2008) . Li (2003) showed that the peak in the ergodic distributions is in state 2, which has a range of relative incomes from 0.5 to 0.85, and hence concluded that it is unlikely for the provinces to converge to the mean income. Using the data from 1952 to 2003, Sakamoto and Islam (2008) found that the income distribution has become bi-modal and that the highest peak in the ergodic distribution is in the lowest income state. The congregation of entities at the low end of the ergodic distribution implies that more and more entities will become relatively poorer and the income levels of many entities will be far below the average in the future. Transitional dynamics can be examined by studying the Markov transition matrix in Table 2 . The values of the diagonal elements are extremely high, especially at the two ends of the distribution, implying considerable persistence in the income distribution. This finding is consistent with the recent work of Villaverde et al. (2010) , who also claim that persistence was very high in China over the period 1978 -2007. Table 2 also shows that the diagonal elements of state 1 and state 5 are 0.9402 and 0.9449 respectively. This means that the county-level units which belong to the lowest income group and the highest income group have an extremely high probability of remaining in their income states. Although many regions in China have achieved a satisfactory growth rate by international standards, the high probability of staying in state 1 means that the poor cannot migrate to higher income states easily, and tend to remain poor (in a relative sense) in the future. Further information on transitional dynamics can be obtained by comparing the probability of moving up and down for states 2, 3 and 4. The probability value of moving down from state 2 to state 1 is 0.0621. The probability of moving up for state 2 is 0.0502, which is equal to the sum of the probabilities of moving up from state 2 to states 3, 4 and 5 (equal to 0.0496 +0.0002 + 0.0004). The difference between the probabilities of moving down and up can be computed, with the probability of moving down being taken as negative. It is -0.0119 (equal to 0.0502 -0.0621) for state 2. This means that entities in state 2 have a higher chance to move down if they move out of state 2. This comparison can only be carried out for states 2, 3, and 4 because it is impossible for the entity to move down beyond state 1 or move up beyond state 5. The net probability of moving up is -0.0425 for state 3, while it is -0.0365 for state 4. The finding is alarming, for it shows that all the entities in states 2, 3, and 4 are likely to move down to lower parts of the income distribution. This together with the observed high persistence in state 1 indicates that the proportion of the lower states of the income distribution will increase over time. Figure 4 shows the ergodic distribution computed from the stochastic kernel approach. It provides a forecast into the future and shows that a uni-modal convergence of the income distribution can be achieved in the long run. However, the entities will converge to a value slightly below 0.5 in relative income, which is far below the mean (the value of the mean is 1). This signifies that even though convergence is possible, many entities will congregate around the lower part of the income distribution.
It is of interest to compare the ergodic distribution derived from the Markov transition matrix approach with the one from the stochastic kernel approach. Figure 1 , which is based on the Markov transition matrix approach, shows that the peak of the ergodic distribution is in state 1, which is defined as a relative income of 0.5 and below. The proportion in state 1 is about 0.33. Similarly, in Figure 4 , the area enclosed under the curve from 0 to 0.5 is about one-third of the overall area underneath the curve. However, Figure 1 shows a small peak in state 5, while Figure 4 does not show any trace of it. This difference can be explained by studying the area under the curve in the long right tail in Figure 4 . For the discrete Markov transition matrix approach, state 4 is defined as an interval with relative income from 1.2 to 1.55, while state 5 includes the entities with their relative income higher than 1.55. Given that the income distribution has a long tail in the upper end as shown in Figure 4 , the area enclosed under the curve from 1.55 to the far right end of the income distribution is therefore larger than the area under the curve from 1.2 to 1.55. Thus, both the discrete Markov transition matrix approach and the stochastic kernel approach convey the same message regarding the future evolution of income distribution.
It can be observed that the findings of the stochastic kernel approach are consistent with those of the Markov transition matrix approach in every aspect. The stochastic kernel analysis can be viewed as a test of the robustness of the findings from the Markov transition matrix approach. It shows that the demarcation scheme used in the discrete Markov transition matrix approach is acceptable. Therefore, the same scheme of demarcation is used for all analyses throughout this paper. Hence, subsequent analyses in this paper are based on the Markov transition matrix approach given the fact that mobility can be better studied by using this approach.
Figure 4 Ergodic Density for the Nation
Source: Author's calculation.
Convergence within other spatial groupings
To provide a comprehensive understanding of the transitional dynamics and convergence patterns, our empirical analysis is conducted within the different spatial groupings. Table 3 shows the Markov transition matrices for different spatial groupings. The values of the diagonal elements are extremely high in every matrix, implying high persistence in all spatial groupings. Moreover, it is observed that the diagonal elements in states 1 and 5 are higher than the other elements in the diagonal in all matrices. Thus the persistence in the lowest and highest income groups is more pronounced than that in the other income groups. Convergence analysis is also performed for each province individually. As the number of county-level units in Hainan and Ningxia are small, the Markov transition matrix analysis cannot be applied reliably for these two provinces individually and thus these two provinces are not included in the study. The diagonal elements of the transition matrices of all the provinces are shown in Table 4 . In general high persistence is found in all the provinces, except Anhui and Jilin. Strong evidence of persistence can be observed in the lowest income groups in many provinces. In particular, all provinces in the eastern zone show the high probability of remaining in state 1 with Fujian being the highest one with a probability value of 0.9839. In contrast, the probability values in Anhui and Jilin are the lowest with a value of only 0.5000. Mobility is shown in Table 5 for different spatial groupings. The table is based on the difference between the sum of probability values of moving up and the sum of probability values of moving down for each state in the transition matrix. It can be observed that most of the probability values in the table are negative, implying that the entities have the higher probability to move down to a lower income group than that to move upwards, although they are more likely to remain in the same states because of the high persistence. The coastal region (that is, the eastern zone) and the north-eastern zone have negative values in all three states. The inland region, the central zone and the western zone have positive value in state 2, but negative values in both states 3 and 4.
Moreover, it can be observed that many of the net probabilities in states 3 and 4 for the provinces are negative. Hebei, Inner Mongolia, and Jiangsu all have negative values in all states. In summary, the transition matrices for the different spatial groupings show that the county-level units will likely remain in the same state, and if they move, they are more likely to move downwards to lower income states. The coastal region is treated the same as the eastern zone. The inland region includes the central, western, and north-eastern zones. The net probability of moving up is calculated as the difference between the sum of probabilities of moving up and the sum of probabilities of moving down, with the probability of moving down being taken as negative in calculation.
Further Analyses
It is suggested that transitional dynamics in China are significantly affected by spatial factors. Pu et al. (2005) and He and Zhang (2007) showed that regions have the higher tendency of moving down to low income groups if they are surrounded by poor regions. On the contrary, regions are more likely to move upwards if they are surrounded by rich regions. To explore this issue, The approach of the conditional Markov transition matrix is adopted in this section to evaluate the impact of provincial border on transitional dynamics (Quah (1996b) . The conditional Markov transition matrix does not quantify the transitions over time, but it quantifies the conditioning effects. First, the relative incomes of all the entities are calculated based on the mean of the population (that is, the unconditioned relative incomes). Then the entities are divided into subgroups according to the condition. The conditioned relative income for each entity is then calculated based on the mean of the subgroup that the entity belongs to. The conditional Markov transition matrix is then constructed based on the transition from the states of the unconditioned relative incomes to the states of the conditioned relative incomes. The idea is that, if the conditional Markov transition matrix is the same as the identity matrix, it means that the unconditioned relative income states are the same as the conditioned relative income states, thereby implying the transitional dynamics are not related to the condition. On the contrary, if the conditional Markov transition matrix is very different from the identity matrix, it means that the condition accounts for a substantial amount of transitional dynamics.
First of all, the county-level units were grouped into provinces, and the province-conditioned relative income data series were constructed. The Markov transition matrix conditional on the provincial border was estimated by relating the unconditioned relative income data (that is, the relative income data which is based on the national mean) to the province-conditioned relative income data (that is, the relative income data which is based on the mean of each province). Table 6 shows the Markov transition matrix conditional on the provincial border. It can be observed that this matrix is markedly different from the identity matrix.
Therefore, it means that provincial border accounts for a considerable amount of the income distribution dynamics. This finding is consistent with those of other researchers (Pu et al., 2005, He and Zhang, 2007) . Furthermore, the diagonal value for state 1 is 0.2972, while the peak of the unconditioned state 1 is 0.6369 which lies in the province-conditioned state 2. It means that 29.72% of the poorest entities (relative to the national mean) continue to be the poorest ones as measured by the provincial standard (relative to the provincial mean), while 63.69% of them are in state 2 as measured by the provincial standard. This suggests that many provinces are very poor and they are mainly made up of very poor county-level units as measured by the national standard. The provincial means of these provinces are lower than the national mean and therefore the county-level units in state 1 (relative to the national mean) move upwards to state 2 (relative to the provincial mean which is much lower than the national mean) within a province. This demonstrates that there is a wide disparity amongst the provinces.
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The possibility of convergence to mean income within a province can also be examined from the province-conditioned state 3 column. If all the elements in this column are close to unity, it does not matter whether the entities are poor or rich (relative to the national mean), they will move to state 3 (relative to the provincial mean) in their respective province, thereby convergence is achieved within each province.
However, it can be observed that every element in the province-conditioned state 3 is much smaller than unity, which indicates that it is hard for the entities in a province to converge to the provincial mean. This finding is consistent with those in previous section. Cheng and Li (2006) examine the relative performance of the prefectural level cities and the county-level cities. They find that administrative status has substantial impact on the performance of the cities.
Undoubtedly, administrative status plays a major role in future economic development. The impact of the administrative status on the transitional dynamics can be further examined by the conditional Markov transition matrix approach. The mean income of all the cities was calculated first and then the income of each city is divided by this mean to get the status-conditioned relative income data series for the cities.
Similarly, the mean income of all the counties was computed and the status-conditioned relative income data series for the counties was constructed by dividing the income of each county by the mean of the counties.
The Markov transition matrix conditional on status was then constructed by relating the unconditioned relative income data to the status-conditioned relative income data. The Markov transition matrix conditional on administrative status is shown in Table 7 . It can be observed that the Markov transition matrix conditional on administrative status is significantly different from the identity matrix. This means that conditioning on administrative status accounts for a substantial amount of the inequality dynamic in China. Another observation is that all the elements in the 18 status-conditioned state 3 are not close to unity. The highest value is 0.4506 for the unconditioned state 2. It is 0.0000, 0.2120, 0.1120, 0.1751 for the unconditioned states 1, 3, 4 and 5 respectively. It means that the counties, regardless of the income level (relative to the national mean), are more likely to move away from the mean income state of the counties and to migrate to other states (because the elements in status-conditioned state 3 is very small). Similarly, the cities will also move away from the mean income state of the cities. This corroborates the conclusion in the previous section that shows it is very difficult for the cities to converge to the cities' mean and very difficult for the counties to converge to the counties' mean.
In summary, both conditional Markov transition matrices show that the county-level units within a province cannot converge to the provincial mean. Neither the cities nor the counties can converge to their means.
Moreover, the two conditional matrices are very different from the identity matrix. Therefore, it means that provincial border and administrative status account for a considerable amount of the inequality dynamics in China. The results highlight the importance of studying each province individually in convergence analysis.
Moreover, the city and county subgroups should also be studied individually.
Conclusions
This research investigates the issue of convergence within different spatial groupings at various spatial levels, namely, the national, the inland-and-coastal, the economic zonal and the provincial levels. High persistence is found in many Markov transition matrices. It implies that the entities tend to remain in their present income groups. The overall ergodic distribution is also right-skewed for most of the spatial groupings.
Convergence to the mean income is virtually impossible in all the provinces (except the province of Liaoning). Furthermore, convergence is found to be impossible for the city subgroups and the county subgroups in different spatial groupings (except the cities in the north-eastern zone). Moreover, it is shown that both spatial factor (provincial border) and the administrative status of county-level units (city and county) play major roles in the transitional dynamics.
